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Logistics 

• Data and experimental design is due this Friday 
• Quiz policy change (both sessions): 

• Only 5 quizzes in total instead of 6
• We will announce the next two quizzes at least the lecture before  
• we will drop the quiz with lowest grade at the end

• Or keep all the quizzes, whichever give you the highest overall grade
• This change should give you better grade overall

• Today:
• Retrieval-augmented generation
• Summarization



Retrieval-Augmented Generation



LLM knowledge is static



Examples of hallucination in summarization 
task 

Examples from Zhao et al. (2020)

https://aclanthology.org/2020.findings-emnlp.203/


Safety protocols in LLMs



Problems with LLM

• Knowledge is static:
• Once we pretrained an LLM, it does not know things happened after that

• It’s not always feasible to tell if an LLM is hallucinating 
• Hallucination: a response that is not faithful or factual

• Sometimes an LLM may not allow us to ask certain questions 
about proprietary data, but we might want it for a good reason:
• Healthcare: need medical records of a patient
• Legal: legal discovery from proprietary documents



Retrieval-Augmented Generation (RAG)

• Solution to all the problems we just mentioned
• Give an LM an external source of knowledge

• For example, proprietary texts like medical or legal records, personal 
emails, or corporate documents

• RAG uses Information Retrieval (IR) techniques to retrieve 
documents that are likely to have information that might help 
answer the question.
• Then we use an LLM to generate the answer.

• Can be used for question answering (QA), summarization, etc.



Retrieval-Augmented Generation (RAG)

• It helps ensure that the answer is grounded in facts from some 
curated dataset
• The system can give the user the answer along with the relevant passage 

in the document
• Help users have confidence in the accuracy of the answer, or help them 

spot when it is wrong.

• Today, in the age of LLMs, we generally have two separate 
systems: the retrieval system and the text generation system.
• The retrieval system will handle a large collection of media, index them, 

and retrieve information efficiently given a query
• How we integrate the two is an engineering choice.



Retrieval-Augmented Generation (RAG)

• Two main jobs of a retrieval system:
• Index a collection of media

• How should we index them?
• Possible techniques: databases, hashing, etc.

• Retrieve relevant media upon a query
• How to retrieve efficiently?
• Should we go through each instance one by one at every query?
• Efficient retrieval methods reply on pre-computed indexes and similarity search 

techniques 



A simplified illustration of an IR system

Retrieval system:Query Relevant 

First, documents are pre-
indexed so that they can be 

retrieved efficiently later

Second, we need 
to process this 
query. Vector? 

BoW?

Third, how to search 
through these pre-indexed 
documents given the query 

representation?



Information Retrieval 
Just the basics



Even if you didn’t take any NLP, Information retrieval, 
or even machine learning classes before, you 
probably took linear algebra in college and learned 
about PageRank algorithm…

That is information retrieval!



What’s PageRank again?

• It’s an algorithm that measures the importance of a webpage 
based on the number and quality of links pointing to it

• Each page distributes its rank equally among the pages it links to
• Each page’s rank is influenced by the ranks of pages linking to it, 

weighted by how many links those pages have
• Repeat this process iteratively: modeling a random surfer who 

follows links until the rank values converge to stable probabilities

Larry Page



Basic IR concepts

• Information Retrieval (IR) is the name of the field encompassing 
the retrieval of all kinds of media based on user information needs
• Image
• Text/documents
• Audio

• The resulting IR system is often called a search engine
• Ad hoc retrieval: a user poses a query to a retrieval system, and 

the system returns an ordered set of documents from some 
collection.
• A document: whatever unit of text the system indexes and retrieves

• web page, scientific paper, news article, or a paragraph



Basic IR concepts

• A term: a word in a collection. It could also include phrases
• A query: a user’s information need expressed as a set of terms.



The query processing stage

• We have some query; how do we actually use it?
• Split into words? 
• Vector representation?

• IR and NLP are closely related
• Just like in NLP, we started with n-gram, to now using embeddings

• A query can be transformed into unigrams
• Or we can use word or sentence embeddings with an encoder



Why are (dense) embeddings better?

• Vocabulary mismatch problem: we can’t find the exact word 
• Between query and document

• Instead of (sparse) word-count vectors, use (dense) embeddings
• Any encoder models that can encode a text to an embedding: CNN, 

LSTM, BERT!



Indexing the documents

• How to index the documents? How do you store?
• Simplest: exact word/term matching: “Romeo” → [doc1, doc2, doc3]

• Examples: Tf-idf, BM25
• Efficient, interpretable, but can’t capture semantics!

• Hashing and other approximate indexing!
• Good when you use high-dimensional vectors
• Generally use similarity search
• Very scalable
• Not as good as newer approaches

• Hybrid indexing: (combine the two above) lexical and semantic
• Slower but better precision and recall
• Examples: ColBERT

• And many others: vector indexing, tree-based, quantization-based, etc.



Indexing the documents

• What is a document? What is your unit?
• For a book chapter:

• Do you embed the entire chapter as one embedding?
• Or each paragraph?
• Or each sentence?
• Or have multiple embeddings for different hierarchy and use their weighted sum? 



Retrieving the relevant pre-indexed 
documents upon a query
• Now that we have the query representation, and we have 

documented indexed, how do we get the “relevant” pre-indexed 
documents?
• Use exact terms: tf-idf 
• Using similarity!



Without embeddings, n-gram approach:
Term weighting and document scoring
• All documents are just bag of words
• Term frequency (𝑡𝑓𝑡,𝑑): how frequent a term t appear in a specific 

document d. 
• Words that occur more often in a document are likely to be informative about the 

document’s content

• Document frequency (𝑑𝑓𝑡): how many documents a term t occurs in
• Terms that occur in only a few documents are useful for those documents 

(maybe of a specific topic)
• Terms that occur in all documents aren’t really great discriminators

• Tf-idf:
• 𝑖𝑑𝑓𝑡: inverse document frequency

total number 
of documents



Tf-idf

For a specific term t

Tf-idf 𝑡, 𝑑 = 𝑇𝐹 𝑡, 𝑑  ×  𝐼𝐷𝐹(𝑡)

How often does this 
word t appear in this 

document d

how rare or 
common this word 

is in this 
collection of 
documents



Example of tf-idf
Corpus: Shakespeare’s plays

Romeo: 
df =1 → only appear in 1 document

good, sweet: 
df = 37, appeared in every play. Not very 
discriminative words



Document scoring

• Given a document d and a query q, we use their cosine similarity 
to measure their relevance to each other

Mathematically equivalent but another way to see it:

Normalize each to a 
unit vector first



Document scoring with tf-idf

Using tf-idf values for query and document, going through each term in 
the query:



Example of score(q,d) with tf-idf



Example of score(q,d) with tf-idf



BM25

• A more complex variant of simple tf-idf
• 2 parameters:

• k: adjust the balance between tf and idf
• b: control the importance of document length normalization

Average doc length in 
the collection



Stop words

• Words like “the” “a” “an” “of” are of high frequency, and are not 
discriminative 

• They should be removed for tf-idf
• A list of such words is called a stop list



Searching for documents with term t

• Given a large collection of documents, how to efficiently find 
documents that contain the term t?

• We use the data structure called inverted index

Term and num of 
documents that 
contain it

Document ID
and 
Term frequency



BERT

• Tf-idf is terms a document into a bag-of-words representation
• Vocabulary mismatch is a big problem!

One solution to this
→Using contextual embeddings to encode terms or documents can 

capture meanings/semantics

Many different approaches to encode and score the similarity 
between document d and query q using BERT



Using a single BERT encoder

• Primer:
• BERT is an encoder-only transformer model
• Special token [CLS] → classify
• Special token [SEP] → separate two sentences

[CLS] q_tokens [SEP] d_tokens [SEP]

[CLS] treated as the joint representation of both q and d



Using a single BERT encoder (cont.)

• The idea is you present both the query q and the document d to a 
single encoder

• Thus building a representation that is sensitive to the meaning of 
both q and d

• Use [CLS] output embedding as the joint representation of q and d
• Then a linear layer U predicts a raw similarity score for (q,d)

• You can fine-tune U with contrastive examples: relevant and irrelevant



Bi-encoder

• One BERT encoder to encode documents, do it just one time and 
store the document vectors
• Again, you need to specify what is a “document”: a 100 words paragraph? 

Max input length of BERT? A sentence?

• The other BERT encoder encode the query, do it every time you 
have a query

• Then whenever we have a query, we just use encode the query and 
compute the dot product between it and every candidate 
document.



ColBERT
A hybrid of TF-IDF and BERT contextual embeddings

• Instead of encoding the entire query or entire document into one 
embedding, we pre-store every word embedding in the document

• For each token in the query, find the most contextually similar token 
in d, then sum up these similarity scores



Approximate nearest neighbor search

• Searching for the most relevant documents is essentially a 
problem of nearest neighbor search

• Modern systems use approximate nearest neighbor search 
algorithms like Faiss (Johnson et al., 2017)



Multi-hop architecture

• For some complex questions, we can use a more complex 
approach that involves multiple stages:

• Multi-hop architecture: A query is used to retrieve documents, 
which are then appended to the original query for a second stage 
of retrieval



Hallucination exists, even with RAG 



Pointers 

• Relevant course: If you are interested in learning more about 
Information Retrieval, Northeastern offers CS6200 / IS4200 which 
is a separate class dedicated to this topic!

• Textbook: Or you can read this textbook by Chris Manning, 
Prabhakar Raghavan, and Hinrich Schutze:

https://nlp.stanford.edu/IR-book/information-retrieval-book.html 

https://nlp.stanford.edu/IR-book/information-retrieval-book.html
https://nlp.stanford.edu/IR-book/information-retrieval-book.html
https://nlp.stanford.edu/IR-book/information-retrieval-book.html
https://nlp.stanford.edu/IR-book/information-retrieval-book.html
https://nlp.stanford.edu/IR-book/information-retrieval-book.html
https://nlp.stanford.edu/IR-book/information-retrieval-book.html
https://nlp.stanford.edu/IR-book/information-retrieval-book.html


Summarization
An introduction 



Types of summaries

• Extractive: 
• Select key sentences / spans from DIRECTLY from the source text

“I was working. The work was on NLP. The TV was loud. My mom was watching the TV”
→ “I was working. My mom was watching the TV”

• Abstractive / generative:
• Rewrites the content in new words, possibly introducing unseen phrases
• More similar to how human would summarize

    “I was working. The work was on NLP. The TV was loud. My mom was watching the TV”
→“Even though my mom was watching the TV and the volume was high,
 I was working.”



Types of summaries

• Based on scope:
• Single-document summarization:

• One article, one paper
• E.g. generate an abstract for an NLP research paper

• Multi-document summarization
• Multiple (related) texts
• E.g. summarize the different approaches between a few papers, 

or summarize the overall contribution of a bunch of papers



Summarization can make IR more effective

• Document summaries or snippets can be used to indexing instead 
of the full text

• You can also first generate the summary (tl;dr) then use it for 
indexing

• Then retrieve using the summary embedding



Evaluation metrics

• BLEU
• Usually for machine translation but can also be used here
• N-gram based
• Not as good as human eval of course, 
• Probably  worse than other automatic eval metrics too

• ROUGE 
• Also n-gram based
• Many variants

• Both need a reference summary



Evaluation metrics

• BERTScore
• Uses embeddings
• Capture meaning well
• Computationall expensive, model-dependent

• MoverScore
• Sentence-BERT: can embed entire summaries using this model, 

then compute cosine similarity
• GPT or LLM based evaluation

• “rate this summary from 1-5 for factual accuracy"
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